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The methodology for modeling the distribution of certain air pollutant for the city of 
Belgrade in winter 2015 is presented in the paper. Land Use Regression (LUR) was used for 
modeling and visualization of spatial distribution of air pollution concentration in the city. 
NO2 concentrations were sampled at 46 locations, and predictive variables were calculated 
based on the road category, traffic intensity, demographic data, altitude, household furnaces 
and land use. These variables were calculated using buffers of different sizes. Linear 
regressions between NO2 and predictive spatial variables were calculated. Afterwards, the 
most significant predictors were used for multivariate regression model. Quality of the final 
model was checked using measurement available at certain locations. The RMSE of 9.8 
µg/m³and the coefficient of determination (R2) of 0.6 were obtained. These results indicate 
that traffic has the largest impact on air pollution concentration especially near the major 
roads. Prediction should help in deciding which air protection measures are to be taken in 
order to preserve and improve the city environment. The lack of data that are collected by 
using quite a few sensor stations is still rather limiting for the successful monitoring of air 
pollution in the city of Belgrade. 
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1. INTRODUCTION 
Air quality is a very important issue for the sustainable development of a city. Numerous 
efforts have been made to obtain a reliable assessment this environmental indicator. In the 
last 30-40 years, there have been various scientific and professional projects funded by 
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different national and international institutions aimed at obtaining more reliable information 
on air quality and its environmental impact, primarily on human health. 
Generally, there are two approaches for solving the problem of modeling air pollution: 
 using spatial interpolation methods, 
 using dispersion modeling methods for emitted particles. 
Spatial interpolation provides the prediction of air pollution at an arbitrary location using 
measured pollution at other locations (measurement stations). Plethora of used spatial 
interpolation methods for solving this problem can be found in Xie et al. (2017), Deligiorgi 
et al. (2011) and Sertel et al. (2008). 
Dispersion modeling methods use mathematical simulation of the dispersion of pollutants to 
model the propagation of pollutants in the air. The simulation is performed using known 
data on the source and emission of pollutants, data on the modeling space (digital terrain 
model, surrounding objects, etc.), meteorological data, but also information about the 
nature and mode of the distribution of the specific pollutant. Various dispersion models 
have been developed for air pollution such as Wang et al. (2008), Gulliver et al. (2011) 
and Al-Naimi et al. (2015). 
The city of Belgrade is facing serious problems regarding air pollution. The city 
management allocated significant resources to tackle this issue. The decision has been made 
to design and implement a system for the monitoring of air quality within the city 
Department for environmental protection. Suitable software and hardware is obtained and 
designated for this purposes. It is planned to use the data that are constantly collected on 
more than 30 stations distributed all over the city area.  
  
2. METHODOLOGY 
Previous research suggests that one of the most optimal methods for determining the 
concentration of air pollutants in urban areas is spatial prediction using global regression 
on cheap-to-measure attributes. When this prediction method is applied to modelling air 
pollutants distribution, it is called Land-Use Regression modelling (LUR) in the scientific 
literature (Oxford, 2015). Land-use regression (LUR) models have been developed and 
utilized to model traffic pollutants such as NO2 and PM2.5 (Briggs et al., 1997; Brauer et 
al., 2003; Gilbert et al., 2005; Ross et al., 2006; Habermann et al., 2015). A 
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comprehensive review of LUR models has been given in Hoek et al., 2008. Generally, the 
LUR model has been utilized to characterize air pollution exposure and health effects in 
urban areas. For the application of LUR method in Europe, the project called ESCAPE 
(European Study of Cohorts for Air Pollution Effects) was very important (ESCAPE, 2010). 
The goal of the project was to investigate long-term effects of exposure to certain 
pollutants on human health in Europe. The project carried out research and verification of 
the mentioned methodology in 44 cities across Europe, but cities from Serbia did not 
participate (Eeftens et al., 2012). In order to meet the objectives of the project, it was 
necessary to have relevant data on the presence of pollutants in the air in the areas where 
the population is most exposed to them. 
Predictors 
Predictors are spatial variables that can be easily measured and these are also dependent 
of the pollutant that should be predicted. Several data sources for the calculation of 
possible predictors have been considered: 
1. Road network and streets with increased traffic load: street and road geometry 
were given as polylines with attributes such as road category and others; also, 
vehicle count was provided for 208 crossroads in tabular format for the central 
area of the city; all of this data was integrated in order to have geometry of 
roads with information about traffic load for each road segment; 
2. Demographic data - number of residents per each statistical circle from 2011 year 
assigned to polygons for the administrative territory of Belgrade; 
3. Furnaces - point data as locations of chimneys with number of individual furnaces 
per one address; this layer has 48,302 chimneys with a total of 130,641 furnaces; 
4. Altitude data - digital elevation model, grid DEM with 100m spatial resolution; 
5. Buildings - polygons with building heights for old, central area of the city; 
6. Land use - polygons limiting specific land use.  
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Table 1: Set of predictors (each combination of predictor short name + buffer size) 




High population density in 




Low population density in 
buffers around sampling point 
Industrial land use IND 100m,300m,500m 
Majority of Industrial class in 
buffers around sampling point 
Green spaces in 
urban 
URBGREEN 100m,300m,500m 
Majority of Green in urban class 
in buffers around sampling point 
Population  POP 100m,200m,300m 
Population density in buffers 
around sampling point 
Elevation data SQRALT - 




Emissions solid fuel combustion 
from winter heating  
Inverse distance to 
the closest road 
INVDIST - 
Inverse distance from object to 
the closest road 
Traffic intensity on 
closest road and 
inverse distance 
INTINVDIST - 
Product of traffic intensity on 
closest road and inverse distance 
from object to closest road 
Total traffic load TRAFLOAD 
25m,50m,100m, 
200m and 300m 
Total traffic load off all roads 
inside buffer (sum of products of 
traffic intensity and total length 
of all corresponding segments) 
Closest road DISTNEAR - Distance to the closest road 
Closest major road MAJDIST - 
Distance to the closest main 
road 




200m and 300m 
Total length of all road 





200m and 300m 
Total length of all main road 
segments inside buffer 
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Prediction model of NO2 concentration with the estimation of model uncertainty 
Functional model is presented with the equation of multi-regression that defines dependency 
between measured pollutant concentration on sampled locations and relevant predictors in 
the zone around sampled location. Functional model equation is given by: 
 





𝑋𝑖  – value of predictor (independent variables), 
𝐴0  – constant trend for the area of prediction, 
𝐴𝑖  – regression coefficient of predictor 𝑋𝑖 , 
𝑛  – total number of predictors.  
Coefficients 𝐴𝑖 that were obtained indirectly are further used to predict air pollution 
concentration at arbitrary location by considering predictor values at that location. 
Input data for the prediction are: 
1. Sampling locations where NO2 concentration has been measured; 
2. GIS data (predictors) that cover area of sampling locations and prediction area.  
All mentioned data are georeferenced using the State coordinate system of Serbia. Output 
data of the prediction are: 
1. Regression model that describes relation between predictors and measured 
concentration of NO2; 
2. Predicted values of air pollution on the sampling locations and quality measures 
expressed by Root Mean Squared Error (RMSE) and corelation coefficient (R2); 
3. Predicted values of NO2 in a form of the raster where digital number value (DN) 
represent the amount of air pollution at these locations. 
 
3. RESULTS 
Concentrations of air pollutants were measured at 46 locations irregularly distributed in the 
area of Belgrade in 2015. The analysis of minimal number of measurements and their 
distribution over area of interest, suggested that only measured concentration of nitrogen 
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dioxide fulfilled conditions for providing successful prediction for the central area of the 
city. Time period for observation of this emission was three months during the winter of 
2015 year (January, February and March) due to the very nature of NO2 source impact. 
The result of the prediction is raster with a spatial resolution of 50 meters for the central 
area of the city of Belgrade (Figure 1). 
Regression uncertainty assessment was introduced by two factors: RMSE of prediction that 
amounts to 9.8 and coefficient of determination (R2) of 0.60. After performed regression 
with all of the predictors from Table 1, a statistical significance estimation of each 
predictor was performed. After excluding predictors that were not significant, model was 
created by using predictors TRAFLOAD50, POP100, SQRALT, HDRES100, HDRES300, FURN300 
and INTINVDIST. 
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4. CONCLUSIONS AND FUTURE WORK 
The modelling of air pollution in the city of Belgrade by using measurements of pollution 
concentration at 46 location and auxiliary data such as: traffic intensity data, demographic 
data, locations of furnaces, buildings’ heights, and DEM and land use data, provided the 
results that meet ESCAPE requirements. Spatial prediction using global regression on cheap-
to-measure attributes, i.e. predictors, prepared by using GIS tools proved to be a good 
solution. Traffic intensity was the most significant predictor. However, prediction can be 
improved substantially by increasing a number of measurement locations and more detailed 
spatial data, such as more detailed terrain and building topography (urban canyons), as 
well as information on wind (air movement in the city). Accordingly, application of the 
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